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Abstract  
Models for prediction of oil content as percentage of dried weight in olive fruits were comput-
ed through PLS regression on NIR spectra. Spectral preprocessing was carried out by apply-
ing multiplicative signal correction (MSC), Savitzky–Golay algorithm, standard normal variate 
correction (SNV), and detrending (D) to NIR spectra. MSC was the preprocessing technique 
showing the best performance. Further reduction of variability was performed by applying the 
Wold method of orthogonal signal correction (OSC). The calibration model achieved a R2 
of 0.93, a SEPc of 1.42, and a RPD of 3.8. The R2 obtained with the validation set remained 
0.93, and the SEPc was 1.41. 
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1 Introduction 
The determination of fat content in olives fruits is of major interest in the process of olive oil 
extraction.  
 
The implementation of near infrared (NIR) Spectroscopy in devoted models allows the mills 
to carry out rapid measurements of oil content with minimum sample preparation. For a pre-
diction model to be robust it is a major requirement that most of the expected sample varia-
bility is taken into account when generating the model. Consequently, the variation of the 
spectral features that is not related to the parameter under study is enhanced, which could 
require special orthogonalization techniques.  
 
In addition, as a result of the heterogeneity of the solid-like samples the spectra are affected 
by both multiplicative and additive effects due to scattering. Hence, the application of spectral 
preprocessing techniques is usually required.  
 
In the present work the major criterion for achieving the maximum variability in the calibration 
set was based on the different quantity of radiation intercepted by the foliar surface according 
to the position in the tree and to the hedgerows orientation (Gómez-del-Campo et al., 2009; 
Connor et al., 2009). In order to enhance the variability others main sources were included 
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such as season and geographical location of orchards. Different spectral preprocessing 
techniques were evaluated so as to obtain a highly accurate and robust model.  
 
2 Materials and methods  
Olive fruits cv. Arbequina were manually picked from different positions in the tree, hedge-
rows orientations, seasons and geographical locations (Figure 1). Samples were randomly 
split up into two sets: calibration (70%) and validation (30%). The oil content was measured 
from dried samples using an NMR Minispec NMS100 (Bruker Optik GmbH) since the suitabil-
ity of this analytical technique, in terms of accuracy and precision, has been proved through 
comparison to the official method based on Soxhlet extraction. Values were expressed as 
percentage of dried weight and ranged from 32.28% to 54.76%.  
 
 
 
 
Figure 1: Left, layers delimitation in olive tree for sample picking. Right, variability in color of olive skin 
according to different maturity stages. 
 
 
 
 
Figure 2 highlights the dispersion of the oil content values for both calibration and validation 
sets; and the representativeness of the validation set according to the dispersion of such 
values. Table 1 summarizes statistics for both sets. 
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Figure 2: Oil content per dry weight (%) for calibration and validation samples. 
 
 
 
Table 1: Calibration and validation sets statistics. 
 
STATISTICS 
Calibration 
set 
N = 85 
Validation 
set 
N = 37 
Minimum 32.28 32.98 
Maximum 54.76 53.55 
Range 22.48 20.56 
Mean 44.45 43.33 
Median 44.91 42.90 
STD 5.38 5.26 
 
 
 
NIR measurements were performed by a FOSS NIRSystems 5000 in the 1100-2500 nm 
range at 2 nm resolution in reflectance mode, then transformed to absorbance values as 
log(1/R). 
 
The identification of the outliers was carried out by univariate and multivariate approaches, 
for chemical and spectral data respectively. 
 
The chemometric analysis was performed using Matlab 7.0 (The Mathworks Inc.) by applying 
partial least squares regression to generate the calibration model, which was internally vali-
dated through cross-validation. The bias corrected standard error of prediction (SEPc), the 
determination coefficient (R2) and the ratio of the standard deviation of the response variable 
to the SEPc (RPD) were used as parameters of model accuracy.  
 
Spectral preprocessing was carried out by applying the most common techniques (Rinnan et 
al., 2009) such as multiplicative signal correction (MSC), Savitzky–Golay algorithm, standard 
normal variate correction (SNV), and detrending (D). The preprocessing technique showing 
the best performance was used for further reduction of non informative variability. 
 
Thus, remaining variability that was not related to fat content was minimized by applying a 
dimensionality-reduction method, that is, the Wold method of orthogonal signal correction 
(OSC) (Wold et al, 1998; Zeaiter et al., 2005). This method computes PCA on the matrix of 
spectra, then, the matrix of scores is orthogonalized to oil content vector. Latent structures 
that allow correcting original spectra are obtained by partial least square regression.  
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3 Results and Discussion  
Models performances are summarized in Table 2. Similar performance was found for com-
mon techniques, except for SNV. In order to simplify preprocessing computation, MSC was 
chosen for subsequent OSC prior to PLS regression.  
 
Table 2: Summary of performance results of the PLS models obtained after different preprocessing 
techniques. 
 
Preprocessing 
techniques 
CALIBRATION VALIDATION 
Latent 
variables R
2 SEPc RPD r2 SEPc 
MSC 3 0.80 2.43 2.22 0.83 2.15 
SavGol 3 0.80 2.42 2.22 0.84 2.13 
SNV 3 0.78 2.54 2.12 0.86 1.95 
SNV+D 3 0.80 2.42 2.22 0.84 2.13 
SavGol+SNV 3 0.81 2.36 2.28 0.84 2.11 
MSC + OSC 3 0.93 1.42 3.79 0.93 1.41 
 
 
 
The model, comprising 3 latent variables as selected according to comparison between cali-
bration and cross-validation errors of prediction, achieved a R2 of 0.93, a SEPc of 1.42, and a 
RPD of 3.8, which means that the prediction is accurate and reliable. The R2 obtained with 
the validation set remained 0.93, which is an indication of robustness as well. 
 
 
Figure 3 shows the increasing reduction of variability between spectra after applying consec-
utively MSC and OSC corrections (Figure 3, from a to c). When comparing PLS coefficients 
of the corresponding models (Figure 2, d and e) for oil content prediction, it is shown that 
spectral regions of interest are reduced, with an increasing importance of peaks around 2312 
and 2350 nm, and a decreasing importance of peaks around 1726 and 1762 nm, all of them 
corresponding to –CH2 bands of oil (Sun, 2009). 
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Figure 3: NIR spectra, a) raw NIR spectra; b) NIR spectra after MSC preprocessing; c) NIR spectra 
after MSC and subsequent OSC preprocessing; d) PLS coefficients of model related to MSC 
preprocessing; e)  PLS coefficients of model related to MSC and subsequent OSC preprocessing. 
 
 
Further work is foreseen with larger set of samples for both, the generation and validation of 
reliable and robust models. 
 
Previous published works on olives fruits, fresh and dehydrated, reported lower R2, higher 
SEP, and usually higher model complexity as higher number of latent variables were includ-
ed in the models (Cayuela et al., 2009; Cayuela and Camino, 2010; Salguero-Chaparro et al, 
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2013; León et al., 2003). The application of OSC preprocessing could improve respective 
models performances. 
 
4 Conclusions 
Orthogonal signal correction is a powerful spectral preprocessing technique that allows the 
reduction of sources of variability that are not related to the parameter to be predicted, which 
noticeably enhances the performance of common techniques applied prior to PLS modeling.  
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